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Abstract 
Cardiac arrhythmia, a disorder in the heart's rhythm, can lead to serious complications. This study presents a 

hybrid cardiac arrhythmia classification model that integrates a one-dimensional Convolutional Neural Network 
(1D-CNN) with a Support Vector Machine (SVM) classifier to improve the recognition of ECG heartbeat patterns. 
The model was evaluated using the MIT-BIH Arrhythmia dataset available on Kaggle. Experimental results show 
that the hybrid 1D-CNN-SVM architecture achieves 96.84% accuracy, outperforming the baseline 1D-CNN with 
SoftMax, which attained 83.64% accuracy. The hybrid approach also demonstrates substantial improvements in 
class-balanced metrics, with Macro Precision increasing from 0.58 to 0.81 and Macro F1-Score rising from 0.63 
to 0.85. These results indicate that the proposed architecture not only enhances overall predictive performance 
but also delivers more stable and reliable classification across all arrhythmia categories, particularly minority 
classes prone to misclassification. By effectively reducing false positives and maintaining a stronger precision–
recall equilibrium, the model offers improved clinical relevance for automated ECG analysis. Future research may 
further optimize CNN–SVM hyperparameters, validate generalization across diverse ECG datasets, and explore 
deployment on low-power wearable monitoring systems. 
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1. Introduction 

Cardiovascular diseases remain the leading cause of global mortality, and arrhythmias 
constitute one of the most critical abnormalities due to their potential to trigger stroke, 
cardiac arrest, and sudden death. Health organizations consistently emphasize that early 
detection is essential to reducing fatal outcomes. However, arrhythmia often presents 
subtle or irregular electrical patterns that challenge manual interpretation, particularly in 
large-scale clinical environments where rapid assessment is required. These issues 
motivate the development of automated classification systems that process ECG data 
efficiently and improve diagnostic reliability [1], [2]. 

Electrocardiogram (ECG) signals serve as the primary modality for arrhythmia diagnosis 
because they capture the heart’s electrical activities with high temporal resolution. 
Clinicians rely on ECG waveforms to identify abnormalities, yet visual inspection remains 
prone to subjective errors, inter-observer variability, and fatigue. Irregular beat morphology, 
noise disturbances, and variability among patients further complicate traditional 
assessment. These limitations highlight the need for computational approaches that 
automatically extract robust features and classify arrhythmia patterns accurately using 
standardized signal datasets [3]. 

Recent studies in medical computing show that hybrid and deep learning models 
significantly enhance diagnostic performance across various health applications. Fusion 
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models and hybrid architectures demonstrate their ability to capture complex nonlinear 
patterns, improve prediction stability, and outperform conventional machine learning 
methods. These findings reinforce the potential of combining complementary model 
strengths to handle high-dimensional biomedical signals, suggesting a promising direction 
for arrhythmia classification tasks that require precise temporal and morphological analysis 
[4], [5], [6]. 

 CNNs emerge as a leading approach for one-dimensional signal processing due to 
their capability to learn hierarchical features, reduce dependency on handcrafted 
descriptors, and generalize across diverse data variations. Studies show that 1D-CNNs 
excel in extracting discriminative temporal features from ECG sequences and performing 
efficient end-to-end classification. CNN-based methods also demonstrate strong 
performance in anomaly detection, heritage pattern recognition, vibration monitoring, and 
multiple biomedical applications, proving their flexibility and high modeling capacity [7], [8], 
[9], [12]. 

SVMs remain widely used in medical classification due to their strong margin 
maximization principle, stability in small or imbalanced datasets, and consistent 
performance in high-dimensional feature spaces. SVMs show strong discriminative 
capabilities for decision boundaries, making them suitable for ECG-based arrhythmia 
classification. Their mathematical formulation provides reliability and interpretability, and 
previous applications demonstrate their effectiveness in spam detection, biomedical signal 
classification, and fault detection in clinical systems [10], [11]. 

The integration of CNN and SVM emerges as an important direction because CNNs 
effectively extract deep temporal–spatial features while SVMs provide powerful decision 
boundaries for final classification. Prior research confirms that hybrid CNN–SVM models 
outperform standalone CNN or SVM architectures in multiple biomedical tasks, including 
arrhythmia detection, ECG auto-encoder–SVM classification, and spectrogram-based 
ECG analysis. These results indicate that hybridization enhances feature discrimination 
and improves model generalization, especially in scenarios with noisy or highly variable 
heartbeat patterns [17], [18], [19]. 

The availability of high-quality ECG benchmark databases strengthens the feasibility of 
developing robust hybrid models. The MIT-BIH Arrhythmia Database remains the most 
widely used dataset for algorithm benchmarking due to its well-annotated recordings and 
extensive representation of arrhythmia classes. Researchers consistently adopt this 
dataset for training and evaluation, enabling reproducibility and standardized comparison 
across studies. Additional works demonstrate that deep feature extraction, transfer 
learning, attention mechanisms, and recurrent units achieve improved performance when 
applied to these ECG signals, establishing a strong foundation for new hybrid architectures 
[16], [21], [24], [25]. 

Model performance evaluation follows standardized international guidelines to ensure 
reliability in clinical contexts. Studies report results according to recommended metrics 
such as accuracy, sensitivity, specificity, and confusion matrices, aligning with the 
ANSI/AAMI EC57 standard for rhythm classification. Despite advancements, challenges 
remain in capturing subtle arrhythmia variations, managing inter-patient differences, and 
handling noisy signals. These limitations motivate further exploration of hybrid CNN–SVM 
architectures to achieve more accurate and stable arrhythmia classification that supports 
real-world diagnostic environments [13], [20], [22], [23], [26]. 

 
 
 
 



 

2. Related Works 

Early research on cardiovascular disease detection highlights the global importance of 
automated analysis systems, especially for cardiac rhythm abnormalities. Studies 
emphasize that traditional ECG interpretation suffers from inconsistencies due to noise, 
morphological variations, and human error, motivating the development of machine 
learning-based arrhythmia classifiers. Foundational works on ECG acquisition and 
annotation demonstrate how clinical markers such as P-wave irregularities, QRS width, 
and ST-segment deviation support automated diagnosis, yet these approaches rely heavily 
on handcrafted features that limit generalization across patient populations [1], [2], [3]. 

Recent developments show that deep learning models significantly enhance ECG 
analysis by learning hierarchical features directly from waveform data. 1D-CNNs emerge 
as dominant models due to their ability to capture temporal and morphological patterns 
efficiently. Surveys and empirical studies confirm the superiority of CNNs over traditional 
feature-engineering approaches, especially when dealing with complex, nonlinear 
physiological signals. However, these models still face challenges related to overfitting, 
class imbalance, and sensitivity to noise, limiting their robustness when applied to diverse 
real-world ECG signals [7], [9], [12]. 

Hybrid deep learning models have gained attention for improving diagnostic accuracy 
in clinical tasks beyond cardiology. Works in pneumonia prediction, glucose forecasting, 
and neuroimaging classification demonstrate that combining multiple architectures—such 
as CNN with wavelet transforms, LSTM encoders, or residual blocks—yields better 
predictive stability and generalization. These studies show that hybrid systems benefit from 
complementary feature extraction mechanisms, yet their computational cost increases 
significantly, and their performance depends heavily on high-quality training data and 
parameter tuning [4], [5], [6]. 

Research on ECG-based arrhythmia detection shows extensive use of CNNs, LSTMs, 
GRUs, and attention mechanisms to improve heartbeat classification performance. Recent 
models incorporate attention layers to focus on salient ECG segments, achieving improved 
interpretability and accuracy. Despite these advances, many of these architectures require 
large datasets and long training times, and they often lack interpretability at the decision 
boundary level. Furthermore, recurrent units such as GRU or LSTM may introduce 
temporal redundancy that slows computation in real-time applications [21], [22], [23]. 

A number of studies propose hybrid models specifically tailored for arrhythmia 
classification. One influential work combines CNN with GRU and multiclass SVM to 
enhance classification stability, reporting strong performance across multiple arrhythmia 
classes. Other researchers integrate CNN-based feature extractors with SVM classifiers to 
leverage CNN’s representation learning and SVM’s margin-based discrimination. These 
hybrid models consistently outperform single-architecture systems, but many studies do 
not explore kernel optimization deeply, and several lack extensive cross-dataset validation, 
which limits their real-world applicability [17], [19], [20]. 

Classical machine learning approaches also contribute to arrhythmia research. Works 
employing SVM classifiers, auto-encoders with SVM output layers, and RBF-kernel SVMs 
demonstrate strong performance on well-structured ECG datasets. These models remain 
popular for their robustness in small-sample scenarios and their strong generalization 
properties. However, their reliance on hand-crafted features or shallow feature extraction 
remains a limitation, as they often fail to capture subtle waveform characteristics that deep 
models can detect. Thus, they perform well under ideal conditions but drop in accuracy 
when applied to noisy or heterogeneous ECG data [10], [11], [18]. 

The MIT-BIH Arrhythmia Database has played a critical role in advancing algorithm 
development for cardiac rhythm classification. Its standardized annotations and wide range 
of arrhythmia types make it the most commonly used benchmark for ECG-based studies. 
Research utilizing this dataset introduces techniques such as transfer learning, beat 



 

segmentation, and deep representation learning to improve classification accuracy. 
Nevertheless, many studies report performance degradation when models trained on MIT-
BIH are tested on external datasets, indicating that domain shift and inter-patient variability 
remain persistent research challenges [16], [24], [25]. 

Lastly, recent evaluations of cardiac rhythm algorithms follow standardized reporting 
guidelines such as the ANSI/AAMI EC57 protocol, which ensures comparability among 
studies. Despite improvements in deep learning and hybrid models, limitations continue to 
appear in model interpretability, computational demands, electromagnetic noise sensitivity, 
and the difficulty of distinguishing morphologically similar arrhythmias. These limitations 
motivate ongoing research into hybrid CNN–SVM methods, which aim to combine deep 
temporal–spatial feature extraction with strong discriminative decision boundaries to 
enhance both accuracy and robustness in arrhythmia classification [13], [26]. 

3. Proposed Method 

This research proposes a hybrid approach for cardiac arrhythmia classification by 

combining a 1D-CNN for automatic feature extraction and an SVM for final classification. 

A 1D-CNN is a variant of the CNN designed specifically to analyze sequential or time-series 

data, such as ECG signals [7]. The 1D-CNN was specifically chosen as the feature 

extractor because of its inherent ability to learn hierarchical patterns and temporal 

dependencies directly from raw 1D signal data. This avoids the need for complex, domain-

specific manual feature engineering, making the process more automated and robust. The 

architecture automatically extracts relevant features through its main layers [9]. The 

convolution layer applies a series of learnable filters (kernels) to detect local patterns in the 

input signal.  

The core 1D convolution operation for an input signal 𝑥 and a filter 𝑤 is defined as: 

 

𝑦[𝑛] = (𝑥 ∗ 𝑤)[𝑛] = ∑ 𝑥[𝑛 − 𝑘]

𝐾−1

𝑘=0

⋅ 𝑤[𝑘] (1) 

 

A non-linear activation function, such as ReLU 𝑓(𝑥) = max(0, 𝑥), is then applied to the 

output. Following convolution, a pooling layer (typically max pooling) is used to reduce the 

spatial dimensions of the feature maps, thereby decreasing computational load and making 

the feature representation more robust [23]. 

As a final classification layer, we utilize SVM to find an optimal hyperplane that separates 

data into different classes with the largest possible margin [10]. The SVM was chosen to 

replace the standard SoftMax classifier due to its distinct advantages. Softmax calculates 

probabilities that can be sensitive to the class imbalance and overlapping features often 

found in ECG data. The SVM's principle of margin maximization creates a more robust 

decision boundary. This approach often leads to better generalization, especially when 

classifying the high-dimensional feature vectors generated by the preceding CNN. 

In this hybrid approach, the SVM acts as the final classifier, taking the feature vectors 

extracted by the 1D-CNN as its input. SVM achieves this by solving the following 

optimization problem: 

 

min
𝑤,𝑏,ξ
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Subject to 𝑦𝑖 . (𝑤 ⋅ ϕ(𝑥𝑖) + 𝑏) ≥ 1 − ξ,𝑎𝑛𝑑ξ𝑖 ≥ where 𝐶 is the regularization parameter. For 

non-linear problems, SVM uses the "kernel trick"; this study uses the Radial Basis Function 

(RBF) kernel, defined as: 

 

𝐾(𝑥𝑖 , 𝑥𝑗) = exp (−γ ||𝑥𝑖 − 𝑥𝑗||
2

) (3) 

 

In this hybrid approach, the SVM acts as the final classifier, taking the feature vectors 

extracted by the 1D-CNN as its input. 

4. Experimental Setup 

1. Dataset 
This study utilizes the "ECG Heartbeat Categorization Dataset" publicly available on 

Kaggle. This dataset is derived from the MIT-BIH Arrhythmia Database [24] and was 
processed by Kachuee et al. [25]. The heartbeats are classified into five main categories 
according to the AAMI EC57 standard [26]: Normal (N), Supraventricular (S), Ventricular 
(V), Fusion (F), and Unclassifiable (Q). The detailed annotations for each category are 
presented in Table 1 describes the dataset consisting of 87,554 samples as training and 
21,892 samples as a testing dataset, where each sample is represented by 187 signal 
points. 

Table 1. AAMI EC57 Standard Categories and Annotations 
Category Annotations 

N 
Normal, Left/Right bundle branch block, Atrial 
escape, Nodal escape 

S 
Supra-ventricular premature, Atrial premature, 
Aberrant atrial premature, Nodal premature 

V 
Premature ventricular contraction, Ventricular 
escape 

F Fusion of ventricular and normal 

Q 
Paced, Fusion of paced and normal, 
Unclassifiable 

 
2. Preprocessing 
The raw CSV data underwent a structured preparation process before model training. The 
dataset was first divided into training (80%) and validation (20%) subsets using a stratified 
split to preserve class distribution. The feature values were then standardized with a scaler 
fitted exclusively on the training portion to avoid leakage. To mitigate the severe class 
imbalance, class weights were computed in balanced mode and incorporated into the loss 
function. Finally, the data was reshaped into a three-dimensional format of (samples, 187, 
1) to align with the input requirements of the 1D-CNN architecture. 
 
3. Hybrid Model Architecture 
The proposed system employs a two-stage hybrid architecture, as visualized in Fig. 1. 



 

 
Fig. 1. Architecture of the Proposed Hybrid 1D-CNN-SVM Model 

 
In the first stage of model construction, we conduct a feature extractor using a 1D-CNN to 
automatically extract discriminative features from the raw ECG signals. The architecture is 
detailed in Table 2. All Conv1D layers use padding='same'. 
 

Table 2. Architecture of the 1D-CNN Feature Extractor 
Layer Type Parameters 

1 Input Layer Accepts input of shape (187, 1) 
2 Conv1D Layer 1 32 filters, kernel size 5, ReLU activation 
3 MaxPooling1D Layer 1 Pool size 2 
4 Dropout Layer 1 Rate 0.5 to prevent overfitting 
5 Conv1D Layer 2 64 filters, kernel size 3, ReLU activation 
6 MaxPooling1D Layer 2 Pool size 2 
7 Dropout Layer 2 Rate 0.5 
8 Conv1D Layer 3 128 filters, kernel size 3, ReLU activation 
9 MaxPooling1D Layer 3 Pool size 2 
10 Dropout Layer 3 Rate 0.5 
11 Flatten Layer Converts to a 1D feature vector of size 2944 

 
At the second stage, we employ SVM for the final classification to obtain the final 
classification result. The feature vectors extracted by the 1D-CNN are first standardized 
using a new StandardScaler instance and then fed into the SVM. In this study, we apply an 
SVC from Scikit-learn with a Radial Basis Function (RBF) kernel, C=1.0, and 
gamma='scale'. 
 
 
 



 

4. Evaluation Metrics 
The performance of the models was evaluated using a confusion matrix, which provides 

the counts of true positives, false positives, true negatives, and false negatives for each 
class, forming the basis for computing key classification metrics. From this matrix, precision 
was derived to measure the proportion of correctly predicted positive instances relative to 
all predicted positives, while recall quantified the model’s ability to identify actual positive 
cases. The F1-score, calculated as the harmonic mean of precision and recall, offered a 
balanced assessment of performance under class imbalance. Additionally, the support 
value indicated the number of true instances for each class in the dataset, providing 
necessary context for interpreting the reliability and stability of the evaluation metrics. 

5. Result and Analysis 

At the first stage, we train the model using a pure CNN component as a complete 
classification model with a Softmax to learn the feature representations. The training 
process was monitored using a validation set. To prevent overfitting, we adopt the Early 
Stopping callback to halt training when the validation loss stops improving. This approach 
ensures that the feature extractor is trained to its optimal point for generalization. 

 
Fig. 2. Training and Validation Curves for the CNN Models 

 
The learning curves in Fig. 2 show the training process for both models. The feature 

extractor component for the hybrid model (top plots) shows stable convergence, reaching 
a peak validation accuracy of approximately 85.7%. Similarly, the pure CNN model (bottom 
plots) trained to a peak validation accuracy of around 83.7%, although its validation loss 
curve shows more fluctuation. The pure 1D-CNN model (with a softmax classifier) was 
evaluated on the independent test set. The model achieved an overall accuracy of 83.64%. 
The detailed classification report is shown in Table 3. 

 



 

Table 3. Classification Report of the Pure 1D-CNN Model 
Class Precision Recall F1-Score Support 

N 0.9907 0.8184 0.8963 18118 
S 0.2646 0.7824 0.3955 556 
V 0.6443 0.9206 0.7580 1448 
F 0.1041 0.9136 0.1869 162 
Q 0.8755 0.9751 0.9226 1608 
     
Accuracy   0.8364 21892 
Macro Avg 0.5758 0.8820 0.6319 21892 
Weighted 
Avg 

0.9343 0.8364 0.8711 21892 

 
The next stage is using a hybrid model, 1D-CNN and SVM to train the model classifier. In 
this process, it utilized 1D-CNN for extracting features and employed the SVM classifier as 
the final classifier on the same independent dataset. The hybrid model achieved an overall 
accuracy of 96.84%. The detailed classification report is presented in Table 4. 
 

Table 4. Classification Report of the Hybrid 1D-CNN-SVM Model 
Class Precision Recall F1-Score Support 

N 0.9885 0.9763 0.9823 18118 
S 0.6338 0.7968 0.7060 556 
V 0.9451 0.9282 0.9366 1448 
F 0.5091 0.8642 0.6407 162 
Q 0.9894 0.9857 0.9875 1608 
     
Accuracy   0.9684 21892 
Macro Avg 0.8132 0.9102 0.8506 21892 
Weighted 
Avg 

0.9731 0.9684 0.9701 21892 

 

According to the experimental result, the hybrid 1D-CNN-SVM model achieved an 

accuracy of 96.84%, which is 13.2% higher than the 83.64% accuracy achieved by the 

standard 1D-CNN model with a SoftMax classifier. This superiority is not just evident with 

accuracy but also in the confusion matrices (Fig. 3 and Fig. 4). The pure CNN model (Fig. 

4) exhibits significant confusion, particularly in misclassifying the majority 'Normal' (N) 

class. It incorrectly labeled over 3,000 'N' instances as other arrhythmia types (1,194 as 'S', 

699 as 'V', and 1,187 as 'F'). This indicates that the features extracted by the CNN are 

highly overlapping, and the SoftMax layer fails to establish a clear boundary. 

In contrast, the hybrid model (Fig. 3) drastically rectifies this weakness. It correctly 

identifies 'N' beats far more accurately, with misclassifications into 'S' and 'F' dropping by 

79% and 90% respectively. This ability to create a cleaner separation is the key to the 

hybrid model's success. 



 

 

Fig. 3. Confusion Matrix Hybrid Model 
 

 

Fig. 4. Confusion Matrix Pure CNN 
 

 

Furthermore, this improvement directly impacts the model's ability to handle the critical 

minority classes (S, V, and F). The performance comparison in Fig. 5 highlights this. The 

Macro Precision (which treats all classes equally) leaped from 0.58 (pure CNN) to 0.81 

(hybrid), and the Macro F1-Score increased from 0.63 to 0.85. This proves that the 1D-

CNN-SVM model is not only more accurate overall, but it is significantly more balanced, 

precise, and reliable in identifying the very arrhythmia classes that are often of greatest 

clinical interest. 



 

 

Fig. 5. Comparison of Overall Performance Metrics 

 
The performance comparison in Fig. 5 highlights this. The Macro Precision (which treats 

all classes equally) leaped from 0.58 (pure CNN) to 0.81 (hybrid), and the Macro F1-Score 

increased from 0.63 to 0.85. This proves that the 1D-CNN-SVM model is not only more 

accurate overall, but it is significantly more balanced, precise, and reliable in identifying the 

very arrhythmia classes that are often of greatest clinical interest. Therefore, the hybrid 

model is significantly better at balancing the identification of positive cases (recall) with the 

accuracy of positive predictions (precision), thereby reducing the number of false positives 

in classes with fewer samples. 

6. Conclusion 

This study constructed a hybrid model by combining a 1D-CNN and an SVM for the 

cardiac arrhythmia classification from ECG signals. According to the experimental result, 

the proposed hybrid model can achieve an accuracy of 96.84%, which is significantly 

superior to the 83.64% accuracy achieved by a pure 1D-CNN with a SoftMax. The 

performance comparison as the Macro Precision rises from 0.58 with the pure CNN to 0.81 

with the hybrid model, while the Macro F1-Score improves from 0.63 to 0.85. These gains 

demonstrate that the 1D-CNN-SVM architecture not only enhances overall accuracy but 

also delivers a more balanced and reliable classification across all arrhythmia types. As a 

result, the hybrid model achieves a better equilibrium between capturing true positive cases 

and ensuring the correctness of positive predictions, effectively reducing false positives in 

minority classes and improving clinical relevance. Future work could explore optimizing the 

hyperparameters of both the CNN and SVM, testing the model's robustness on different 

ECG datasets, and investigating its potential for implementation on low-power wearable 

devices for real-time monitoring. 

 

 

  

 



 

References  

[1] WHO, Cardiovascular Diseases (CVDs), accessed Mar. 19, 2025. [Online]. Available: 
https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds) 

[2] American Heart Association, Arrhythmia, accessed May 09, 2025. [Online]. Available: 
https://www.heart.org/en/health-topics/arrhythmia 

[3] Y. Sattar and L. Chhabra, Electrocardiogram, StatPearls, Jun. 2023, accessed May 09, 
2025. [Online]. Available: https://www.ncbi.nlm.nih.gov/books/NBK549803/ 

[4] Shati, G. M. Hassan, and A. Datta, “A comprehensive fusion model for improved pneumonia 
prediction based on KNN-wavelet-GLCM and a residual network,” Intelligent Systems with 
Applications, vol. 26, p. 200492, Jun. 2025, doi: 10.1016/j.iswa.2025.200492. 

[5] H. Xu, Y. Zhang, S. Liu, Y. Ji, M. Lv, and P. Li, “CGM-Based Blood Glucose Prediction Model 
with LSTM Encoder-Decoder Architecture,” IEEE Sensors Journal, 2024, doi: 
10.1109/JSEN.2024.3517554. 

[6] R. Sathishkumar and M. Govindarajan, “Improving Diagnostic Accuracy: Hybrid Deep 
Learning Model for Oral Cancer Identification in Neuroimaging,” in 2024 International 
Conference on System, Computation, Automation and Networking (ICSCAN), 2024, doi: 
10.1109/ICSCAN62807.2024.10894133. 

[7] S. Kiranyaz et al., “1D convolutional neural networks and applications: A survey,” 
Mechanical Systems and Signal Processing, vol. 151, p. 107398, Apr. 2021, doi: 
10.1016/j.ymssp.2020.107398. 

[8] S. Winiarti, Sunardi, and A. Fadhil, “Deep Learning for Malay Architectural Identification: A 
CNN Approach to Heritage Recognition and Preservation,” International Journal of 
Informatics and Computation, vol. 7, no. 1, pp. 154–167, May 2025, doi: 
10.35842/IJICOM.v7i1.116. 

[9] L. Alzubaidi et al., “Review of deep learning: concepts, CNN architectures, challenges, 
applications, future directions,” Journal of Big Data, vol. 8, no. 1, pp. 1–74, Mar. 2021, doi: 
10.1186/s40537-021-00444-8. 

[10] M. Awad and R. Khanna, “Support Vector Machines for Classification,” in Efficient Learning 
Machines, pp. 39–66, 2015, doi: 10.1007/978-1-4302-5990-9_3. 

[11] M. A. Said and Y. Ahmad, “A Comparative Study of Detecting Twitter Spam using Deep 
Learning,” International Journal of Informatics and Computation, vol. 5, no. 2, pp. 51–60, 
Dec. 2023, doi: 10.35842/IJICOM.v5i2.61. 

[12] Athar et al., “Deep learning-based anomaly detection using one-dimensional convolutional 
neural networks in machine centers (MCT) and CNC machines,” PeerJ Computer Science, 
vol. 10, p. e2389, Oct. 2024, doi: 10.7717/peerj-cs.2389. 

[13] D. Yang, R. Wang, and C. Song, “Classification of Alzheimer’s Disease Using fMRI-Based 
Brain Functional Network Data,” in 2024 6th Asia Symposium on Image Processing (ASIP), 
pp. 97–101, 2024, doi: 10.1109/ASIP63198.2024.00025. 

[14] C. Jia et al., “Application of Attention Mechanism-Based Long Short Term Memory Neural 
Network in Stratigraphy Identification,” 2025, doi: 10.2139/SSRN.5221043. 

[15] H. Hamzah, “Stock Price Prediction in Indonesia’s Mining Sector Using a Hybrid Conv1D-
LSTM Model,” International Journal of Informatics and Computation, vol. 6, no. 1, pp. 33–
39, Aug. 2024, doi: 10.35842/IJICOM.v6i1.85. 

[16] L. Goldberger et al., “PhysioBank, PhysioToolkit, and PhysioNet: components of a new 
research resource for complex physiologic signals,” Circulation, vol. 101, no. 23, Jun. 2000, 
doi: 10.1161/01.CIR.101.23.e215. 

[17] Ullah et al., “A Hybrid Deep CNN Model for Abnormal Arrhythmia Detection Based on 
Cardiac ECG Signal,” Sensors, vol. 21, no. 3, p. 951, Feb. 2021, doi: 10.3390/s21030951. 

[18] M. K. Ojha et al., “Automatic detection of arrhythmias from an ECG signal using an auto-
encoder and SVM classifier,” Physics in Engineering & Science Medicine, vol. 45, no. 2, pp. 
665–674, Jun. 2022, doi: 10.1007/s13246-022-01119-1. 

[19] D. Fakhrudin and P. H. Gunawan, “Arrhythmia Classification Using CNN-SVM from ECG 
Spectrogram Representation,” Eduvest – Journal of Universal Studies, vol. 4, no. 12, pp. 
11245–11254, Dec. 2024, doi: 10.59188/EDUVEST.v4i12.49993. 

[20] L. D. V. Anand, A. Fedora, and I. S. Reshma, “Cardiac Arrhythmia Diagnosis Using Deep 
Learning: A 1D CNN-GRU Approach with Multiclass SVM,” in International Conference on 
Bio Signals, Images, and Instrumentation (ICBSII), 2024, doi: 
10.1109/ICBSII61384.2024.10564086. 

https://www.who.int/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
https://www.heart.org/en/health-topics/arrhythmia
https://www.ncbi.nlm.nih.gov/books/NBK549803/


 

[21] M. Guhdar, A. O. Mohammed, and R. J. Mstafa, “Advanced deep learning framework for 
ECG arrhythmia classification using 1D-CNN with attention mechanism,” Knowledge-Based 
Systems, vol. 315, p. 113301, Apr. 2025, doi: 10.1016/j.knosys.2025.113301. 

[22] W. Ali et al., “An Interpretable Model for Cardiac Arrhythmia Classification Using 1D CNN-
GRU with Attention Mechanism,” Processes, vol. 13, no. 8, Aug. 2025, doi: 
10.3390/pr13082600. 

[23] Dutta and M. Das, “ECG Disease Classification Using 1D CNN,” in 2024 IEEE International 
Conference on Interdisciplinary Approaches in Technology and Management for Social 
Innovation (IATMSI), 2024, doi: 10.1109/IATMSI60426.2024.10502954. 

[24] G. B. Moody and R. G. Mark, “The impact of the MIT-BIH arrhythmia database,” IEEE 

Engineering in Medicine and Biology Magazine, vol. 20, no. 3, pp. 45–50, 2001, doi: 
10.1109/51.932724. 

[25] M. Kachuee, S. Fazeli, and M. Sarrafzadeh, “ECG heartbeat classification: A deep 
transferable representation,” in IEEE International Conference on Healthcare Informatics, 
pp. 443–444, 2018, doi: 10.1109/ICHI.2018.00092. 

[26] ANSI/AAMI EC57:2012/(R)2020, Testing and Reporting Performance Results of Cardiac 
Rhythm and ST Segment Measurement Algorithms, Jan. 2013, doi: 
10.2345/9781570204784.ch1. 

 


